This paper deals with the characterization by Acoustic Emission technique of damages occurring in a hybrid laminate aluminium/glass during quasi-static and fatigue tests. Indeed, hybrid laminates materials metal/composites are more and more considered in structure, automotive and aerospace designs because of their good mechanical performances and lightness. To understand their damages characteristics, several types of laminates (fiber orientations, number of folds, presence or not of an aluminium sheet) have been tested. The acoustic emission analysis has been realized using statistical multi-parameters methods of data clustering: combination of Principal Components Analysis (PCA) and k-means methods in unsupervised analysis and Classification and Regression Trees (CART) in supervised analysis. Using these methods, it was possible to identify damages occurring during both quasi-static and fatigue tests. Acoustic emission parameters such as counts to peak (PCNTS), amplitude, duration, counts and frequency come out as the most relevant to classify the damage mechanisms; and with the energy parameter, friction mechanisms that can occur during fatigue tests have been sorted.
Introduction
The use of the multi-component materials associating layers of metals and fibers reinforced polymer (FRP) composite folds, known as Fiber Metal Laminates (FML), is more and more expanding because of the increasing demand for aerospace and automotive applications and also in civil engineering [1] . Due to their hybrid aspect, FML materials combine advantages of both constituents, i.e. high mechanical and insulation properties of FRP layers and ductility with thermal and electrical conduction of the metal layers. Hence, several studies [2, 3, 4, 5, 6] have highlighted the benefits of their use, such as high resistance to crack propagation, impact loading and corrosion, that increases the fatigue endurance and durability of FML. Thus given their mechanical functions and their exposure to environmental conditions, understanding their long-term behavior is a major challenge for their use in structures. Different damage mechanisms, depending on the basic constituents, lay-ups, manufacturing processes and loadings, can occur in such composites and may not be detected by visual inspection, but can dramatically reduce the tensile strength of a component. Classically, four damage mechanisms are observed in FRP composites. The matrix cracking (MC) damage which is the fracture of the resin bonding the fibers together when the latter is mechanically loaded or under matrix shrinkage during polymerization; and in [7] , Richardson et al. emphasize that shear cracking of the composite matrix have been observed to initiate the failure process in composites. The delamination/decohesion (DD) damage corresponds to the interface matrix/fibers fracture and separation of layers from each other. Fiber cracking (FC) damage, also known as fiber fracture, indicates the ultimate failure in well-designed laminates. These damage mechanisms have been described and studied in different studies [3, 4, 8, 9, 10] . For FML, additional debonding (D) can occur between the adjacent FRP and metal layers resulting from shear stress in the adhesive between the fibers and the metal layer [5] . Indeed local shear deformations occurring in the adhesive (matrix) reduce the crack bridging efficiency of the fibers, consequently the crack growth rate increases [11] which will lead to a final failure of the laminate.
Since these different kinds of damages are to some extent inevitable, many NonDestructive Testing (NDT) methods are developed to assess the integrity and safety of composites materials. In [12] and [13] , S. Gholizadeh and Jolly et al. respectively provide a review of the most common used NDT methods such as the visual testing, ultrasonic testing, thermography, shearography, Eddy current, acoustic emission, etc. The acoustic emission is an effective method for imperfection analysis since it is a high sensitive one and allows detection of many different damages types caused by loadings [12] or environmental effects [14, 15] . Thus, using AE, many authors show the possibility to detect and identify damage mechanisms in composite materials by analyzing a single parameter of the acoustic emission (AE) signal such as the frequency or the amplitude of AE signals. Indeed Takeda et al. [16] , through amplitude distributions, distinguish various fracture processes on high compliant, glassmatrix composite; Kim et al. [17] and Eaton et al. [18] respectively used amplitude distributions for carbon fiber reinforced polymer (CFRP) and peak frequency content of carbon fiber/epoxy composites to discriminate the different damage mechanisms involved. However for these composites, CFRP, and for more complex composites as the FML or simply laminates combining unidirectional lay-ups with different fiber orientations, this single parametric analysis turns out insufficient. Fatih et al. [19] show that high frequency distributions is not always a good mean to discriminate AE events; and Eckles et al. [20] conclude that, due to AE amplitude ranges overlapping, an efficient damages identification of CFRP in fatigue becomes tricky.
Therefore, to overcome this issue, combination of different parameters appears as a good alternative and is used in this paper. Thus statistical methods are developed for data processing as the well-known supervised and unsupervised analyses methods. Such methods are used in several studies to identify composites damages [8, 21, 22] . In this paper, the Principal Components Analysis (PCA) and the k-means methods are used for unsupervised analysis to reduce the number of parameters and run the clustering; and as a supervised analysis method, the Classification and Regression Trees (CART) is adopted. finishing has been done with a sandpaper to improve its adhesion with the prepreg.
The laminates have been stacked into a rigid steel mold and compressed at 3 bar in a compression-molding machine heated at 2 C/min until 60 C, followed by a constant temperature stage of 90 minutes, before final air cooling step. The thermocompression process has been followed by post-curing stage at 90 C during 90 minutes to ensure total reticulation of the matrix.
The volume fraction of fibers (V f ), aluminum (V alu ) and matrix (V m ) calculated by relations Eqs. (1) and (2) as in ASTM D3171-15 standard [24] , density (r c ) (Eq. (3)) and mean thickness (t) of P1 to P7 are given in Table 1 .
As recommended by Levesque [25] , straight-sided specimens have been used. The latters are 250 mm long and 25 mm large and have been prepared from the fabricated plates. To avoid the grips of the testing machine to damage the specimens, they have been equipped with 1 mm ðt alu Þ thick aluminum end tabs ( Fig. 1) , accordingly to the ASTM D 3039 standard [26] .
The specimens were equipped with strain gauge of 20 mm long and 2.12% maximum strain, adhesively bonded to their center. Two piezoelectric sensors (of type micro80 with operating frequency range of 175 kHz e 1 MHz and a resonant frequency of 350 kHz) were placed at 12.5 mm from each end tab in order to record the AE events and avoid parasitic noise which can be generated by the hy- 
AE signal clustering methods
During a quasi-static or fatigue test, fifteen parameters of the AE's signals are recorded. However for an easier analysis and time saving, it was necessary to downsize the number of parameters. A set of AE parameters has been chosen according to their level of correlation [8] and the encompassed physical mechanisms.
To choose the minimal set of parameters, a Principal Components Analysis (PCA), through circles and matrices of correlation, allows determining the degree of correlation between parameters and their contribution on the ratio of information expressed by the k principal components. The k used parameters correspond to the k first axes (principal components) where the sum of the variances is superior or equal to 80 %. Thus, the following eight parameters have been used for the classification: With these parameters, we process to the identification of the AE signals by statistical multi-parametric analyses.
The method of k-means used in unsupervised analysis aims at minimizing the quadratic error for a given number of classes which have a Gaussian distribution around the center of each class. The algorithm is performed in six (6) steps (Fig. 3 ):
Two criteria have been fixed to initialize the algorithm by choosing an appropriate number of clusters (k). The first one is the Davies and Bouldin coefficient, R DB , which gives information about the clusters compactness and is given by (Eq. (4)) [27] :
where k refers to number of clusters, d i and d j are the means within i and j clusters respectively and D ij is the average distance between the clusters i and j. The best clustering is given by the lowest Davies and Bouldin coefficient. The second criterion is the physical coherence of the classification made on the data.
For most of the analyzed data in this paper, the optimal number of predicted clusters by R DB is coherent with the number of damage modes which can occur in a given laminate.
The Classification and Regression Trees (CART) method used in unsupervised analysis is an iterative method, based on a recursive partitioning methodology of the data. Indeed, the method builds clusters of individuals, the most homogeneous possible, by asking a succession of binary questions on the attributes of every individual [28] .
3. Results & discussion
Quasi-static tests
The mean values of ultimate strengths measured from quasi-static tensile tests for all specimens, necessary before performing fatigue tests, are given in Table 2 .
After quasi-static tests, the main fracture surfaces noticed are shown on Fig. 4 (Fig. 4d) , in addition to debonding (D) between composite layers and the aluminum sheet, present similar modes of damages to those already quoted.
The damage modes depicted have been identified thanks to AE clustering using the free data mining software TANAGRA [29] with an excel plugin which allows importing directly experimental. (Fig. 5a ), two clusters have been identified. The first one, named class1, includes 20% of the AE events and increases rapidly at the end of the test while the second one, named class2, with 80% of the AE, increase from the first moments of the test.
Compared to the cracks observed on these laminates specimens (Fig. 4a) , the class2 could correspond to the longitudinal matrix cracks which are much more numerous. Hence the class1 would correspond to fibers cracks which appear during the end of the test. Indeed in [30] , the author identified a similar behavior of fibers cracks with Carbon Fiber Reinforced Polymers (CFRP). To confirm this classification, we also represent the amplitude vs centroid frequency (Fig. 6 ) of these classes.
From Fig. 6 , the amplitudes of the class2, identified as matrix crack, rank from 35 to 45 dB and its frequencies from 280 to 320 kHz. The amplitudes of the class1, go up to 95 dB and its frequencies rank from 300 to 350 kHz; this is in agreement with the literature which identifies the fibers cracking as the minority damages appearing at tests ending with amplitudes higher than the other degradation mechanisms [31, 32, 33] . end of the test with high amplitudes, as it can be seen on Fig. 7 . Therefore, this class1
would correspond to the fractures of fibers.
To confirm this assumption, a supervised analysis of P1 data with P4 data has been performed. Therefore, the idea with the supervised analysis is to identify the two classes of P4 corresponding to the two classes identified with P1 specimens (MC and FC); and the non-identified one should be the debonding. Doing this, each event of P1 data will be classified in one of these three classes of P4.
Through the supervised analysis, instead of having all the events of P1 classified in only two classes (matrix cracking and fiber cracking) as in the unsupervised analysis, they are classified into three classes (class1, class2 and class4 of P4). This can be explained by the similarity between matrix cracking and debonding which are both polymers fractures. A comparison between the following figures ( Fig. 8a and   b ) and Fig. 5a shows that the class1 of P4 corresponds to the class1 of P1 and thus to fiber cracking (FC). Furthermore, 54% and 34% respectively of the class4 and class2 of P4 are identified to the class2 of P1, i.e. as matrix cracking. 
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Therefore, we can conclude that the class1 of P4 corresponds to the fiber cracking (FC), the class4 to the matrix cracking (MC), the class2 to debonding (D) and the class3 to spurious data.
P3 [±45] 2 and P6 [(±45) 2 /Al/(±45) 2 ]
According to the Davies and Bouldin coefficient, three classes were determined for the P3 laminate as shown in Fig. 9 . The three clusters correspond to the three classes which are matrix cracking (MC), delamination/decohesion (DD) and fiber cracking (FC). The time of occurrence of the mechanisms and their percentages show that the class1 corresponds to the fiber cracking and this class has the higher amplitudes and energy values (Fig. 10) . A similar reasoning about the class2 and class3 allows us to classify them respectively as matrix cracking (MC) and delamination/decohesion (DD).
To perform the analysis of P6 laminates, after filtering the spurious data (0.1%) of the class3, four classes were identified ( By averaging five AE parameters (counts, energy, duration, amplitude and PCNTS), a global histogram for P6 is built (Fig. 12 ) which confirms the previous classification. The calculated values are given in Table 3 in which the correlation between classes and damage mechanisms has been observed.
P2 [90] 4 and P5 [90 4 /Al/90 4 ]
Data of P2 laminates are not statistically analyzed since there is only a single damage mechanism, matrix cracking. However, this data is used to separate the two clusters of P5. This latter has two classes with similar values, matrix cracking and debonding Clustering is done with five classes (Fig. 14) where the class3 corresponds to the spurious data. From Fig. 14 , the only class that is very distinctive from the others is the class4 which represent 62% of the AE events. It appears from the beginning of the test and increases rapidly. Comparing its low amplitude and energy with the others on Fig. 15 , we can assume class4 corresponds to matrix cracking.
On Fig. 15 , the class5 has the highest values in amplitude and energy representing barely 4% of the AE events. These features can be related to fiber cracking (FC). The remaining classes, class1 and class2, correspond to debonding and delamination/decohesion (DD) and will be classified by comparing their values through the histogram of mean values (Fig. 16 ).
On that basis, the correlation between damage mechanisms and classes is established in Table 5 .
Fatigue tests
The specimens tested in fatigue present similar final fracture modes to those tested in quasi-static tests (see Fig. 4 ). During fatigue tests a large number of AE events were recorded. To avoid saturation of AE system, the threshold of 35 dB fixed during quasi-static and the first fatigue tests has been increased to 45 dB. This increase in AE events is due to the friction between opened cracks lips; this friction having low amplitudes and high frequencies [8] . In this second part of results, the same parameters and algorithms have been used
for the statistical analysis and data clustering is made with the unsupervised analysis method.
P1 [0] 4 in fatigue
According to the Davies and Bouldin coefficient, two clusters have been identified for this laminate. The class1, with 9% of the AE events, has the highest amplitudes and energy (Figs. 17 and 18) . It, thus, corresponds to fiber cracking. This low percentage compared to the one obtained in quasi-static test is due to a higher number of events recorded that can be attributed to friction. Events that may be classified as matrix cracking include events of these friction mechanisms, grouped in the same class, matrix cracking (class2).
To discriminate these two mechanisms (matrix cracking and friction), the events belonging to the class2 were processed and classified into two others classes, 
P3 [±45] 2 in fatigue
In this case, the Davies and Bouldin coefficient indicates three optimal clusters as in quasi-static results. To include the friction mechanisms, the clustering is done with four (4) clusters.
A histogram is elaborated considering the mean values of amplitude, energy, counts, counts to peak (PCNTS) and duration (Fig. 20) . The class4 has the maximum values followed by the values of class2. Compared to the previous results, we can conclude that class4 corresponds to the fiber cracking (FC) and class2 to delamination/decohesion (DD). To sort class1 and class3 in matrix cracking and friction mechanisms, one can notice that the class1's amplitudes are higher than those of the class3 but its frequencies are also the highest; this does not allow us to differentiate the two phenomena since we noticed that the mechanism, among these two, with the highest amplitudes had the lowest frequencies. However, we have previously noticed that the friction energy is very weak (60% of AE events for barely 7% of energy).
Thus, by representing the histogram of energy of the classes (Fig. 21 ), it appears that the class3 (28% of the AE events for 1 % of the total energy) corresponds to the friction and the class1 (5% of the energy) to the matrix cracking. Fig. 21 confirms at the same time the classification made with the class4 and class2, i.e. they correspond respectively to FC and DD.
From all these analyses, one has observed that friction mechanism has low amplitudes [35e45 dB]. Thus, for the hybrid specimens (with an aluminum sheet) tested in fatigue where the threshold is fixed equal at least at 45 dB, this mechanism will not be taken into account. For the following analysis only the classification of P7 [90/0/ þ45/-45/Al/-45/þ45/0/90] will be presented.
P7 in fatigue
The four identified clusters are represented in Fig. 22 .
To discriminate them, they are represented through the AE parameters previously À The class2 with the highest number of AE events and the lowest values for these five parameters to the matrix cracking (MC).
Conclusion
In order to understand the long-term behavior of hybrid laminates, the damages À With unsupervised analysis, k-means and PCA, it was possible to classify different similar damage mechanisms on the basis of a set of five AE parameters, namely matrix cracking and friction, matrix cracking and debonding or debonding and delamination/decohesion.
À Similarity between matrix cracking and debonding has been noticed (see supervised analysis of P1 with P4) with the CART method that comes out, by itself, insufficient to distinguish them until it is not combined with the results from unsupervised analysis.
À This statistical method (unsupervised analysis) allowed isolating the friction mechanisms that are very numerous in fatigue loads (about 60% of all the acoustic emission events) but with low energy.
À The different damage mechanisms occurring in tested laminates can be graded from their AE mean values.
It should then be interesting, using the two sensors, to locate the damage in order to improve the damage characterization and know which part of the material is more susceptible to initiate the damage.
To come over the issue of the system saturation during fatigue tests, an interesting option must be to use a continuous recording of AE waveforms as proposed in [34] .
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